Casuarina equisetifolia is commonly planted and used in the construction of coastal shelterbelt protection in Hainan Island. Thus, it is critical to accurately estimate the tree biomass of Casuarina equisetifolia L. for forest managers to evaluate the biomass stock in Hainan. The data for this work consisted of 72 trees, which were divided into three age groups: young forest, middle-aged forest, and mature forest. The proportion of biomass from the trunk significantly increased with age (P<0.05). However, the biomass of the branch and leaf decreased, and the biomass of the root did not change. To test whether the crown radius (CR) can improve biomass estimates of C. equisetifolia, we introduced CR into the biomass models. Here, six models were used to estimate the biomass of each component, including the trunk, the branch, the leaf, and the root. In each group, we selected one model among these six models for each component. The results showed that including the CR greatly improved the model performance and reduced the error, especially for the young and mature forests. In addition, to ensure biomass additivity, the selected equation for each component was fitted as a system of equations using seemingly unrelated regression (SUR). The SUR method not only gave efficient and accurate estimates but also achieved the logical additivity. The results in this study provide a robust estimation of tree biomass components and total biomass over three groups of C. equisetifolia.
Introduction
Biomass is the biological material, whereas the forest biomass, especially for tree biomass, includes all existing plant mass in the forest or arboreal fraction, including trunks, branches, leaves, and roots [1] . Due to its important carbon pool in forest ecosystems [2] and the costly and time-consuming process of collecting tree biomass in the forest, the accurate prediction of forest biomass stocks is in great need for scientists, policymakers and forest managers trying to address an increasing array of demands in forests. A number of approaches for tree biomass prediction have been reported and can be divided into three categories: (1) the direct prediction of tree biomass from the measurement of variables using allometry equations [3- elevation ranges from 5 m to 70 m above sea level, and the highest elevation is 70 m. The tropical marine climate ensures an annual rainfall of 1721.6 mm. The mean annual air temperature varies between 23.4°C and 24.4°C, and the minimum and maximum temperatures are 17°C and 36°C, respectively. The soil structure was loose, with good permeability but low waterretention properties. Most of the tree species in the study sites are C. equisetifolia, Pinus elliottii, Acacia mangium, Acacia auriculiformis, Acacia crassicarpa, Pinus caribaea, and Calophyllum inophyllum. Among these tree species, C. equisetifolia is the dominant tree species, accounting for 79% of these species.
Methods

Data collection
The data used in this study were from a systematic sampling of permanent, square-shaped plots (0.067 ha) across northeast Hainan Island that were aggregated over a 4×3 km grid. A total of 72 C. equisetifolia trees were randomly collected from these plots and divided into three groups [22] : young (age 5yrs), middle-aged (6<age 15yrs) and mature (15yrs<age). The plantations were authorized by the Forestry Research Institute of Hainan Province. The field studies did not involve endangered or protected species.
The tree biomass was measured using the destructive method. The crown width was measured in two directions at 90°angles from each other and averaged before the tree was felled. After the tree was felled, the diameter at breast height (D) and the total tree height (H) were measured in the field. The fresh biomass was obtained by weighing the four components of each tree separately: the trunk, the branch, the leaf, and the root. The trunk was cut into 3 segments and weighed separately, considering the different moisture contents in the whole trunk, and three subsamples (approximately 500 g each) of each segment were selected and weighed in the field. In addition, three subsamples of the branches and leaves (approximately 500 g each) were selected and weighed in the field and transported back to the laboratory for drying. In terms of roots, the root system is often partially removed from the soil [30, 31] . However, the disadvantage of sampling procedure is that the observed root biomass is less accurately determined compared to excavating in full [32] . Here, the whole roots of all of the sample trees were excavated. A trench was dug to the extent of the crown coverage, and the depth of excavation depended on the depth of the taproot. The fresh weights of the stump, the coarse roots (more than 10 mm), and the small roots (2-10 mm, not including fine roots less than 2 mm) were measured. In addition, subsamples were selected and weighed in the field and transported to the laboratory.
After being transported to the laboratory, the subsamples were oven-dried at 85°C until a constant weight was obtained. Dry weights were computed for all tree components using the ratio of dry weight to fresh weight from subsamples from each component and multiplied by their known fresh weights. The total tree biomass was generated by summing the biomass of each component. The statistics of the tree variables and the biomass of each component at different age groups are listed in Table 1 .
Tree biomass model
In this study, the direct prediction of the tree biomass from measurement variables was used to estimate the tree biomass of C. equisetifolia in the tropical forest of Hainan Island. The standard tree biomass equation predicts tree biomass as a power function of the diameter at breast height [33] . However, in some cases, other variables, such as the total tree height and the crown radius, are also important predictors [34] [35] [36] . These equations have biologically meaningful coefficients related to the theory of "allometric" scaling relationships [37] . Niklas [38] demonstrated that the allometric relationships changed, even within the lifetime of individuals of a single species. Here, we used the following six equations to estimate the tree component biomass according to three age groups, including young, middle-aged, and mature forests.
where W is tree biomass in kg, and α, b, c, and d are the parameters to be estimated. Overman et al. [39] reported that it is convenient to use logarithms for the fitting model and for dealing with heteroscedasticity. Therefore, Eqs (1) to (6) can be linearized using logarithms in the following equations, respectively:
lnðWÞ ¼ a þ blnðDÞ þ clnðCRÞ ð 9Þ lnðWÞ ¼ a þ blnðD 2 HÞ ð 10Þ where a = ln(α). The log-transformation of the data leads to a biased biomass estimation [40, 41] , and uncorrected biomass estimates are theoretically expected to generate a systematic underestimation. The bias is not an arithmetic constant value but rather a constant proportion of the estimation [42] . Baskerville [43] recognized this detail and gave a multiplicative correction factor for this bias:
where
is the mean square error from the logarithmic regression, and n is the sample size. Therefore, the estimated tree biomass (Ŵ ) could be calculated from Eq (14):Ŵ
¼ expðlnŴ ÞCF ð14Þ
Model selection
The coefficient of determination (R 2 ) is the most widely used criterion in biomass model literature. However, in many situations, it has been used uncritically. The R 2 is deceptive because it increases with the addition of polynomial terms and with the inclusion of new predictors [44, 45] . Therefore, R 2 can sometimes be a poor estimator of model performance. The mean absolute prediction error (MAPE) [33, 46, 47] was used as the primary metric to evaluate and compare the performance of models, whose statistical properties are well known and commonly used in forecasting and model comparison in ecology and environment assessment.
where W i = observed biomass value tree i, andŴ i and W = the estimated value and the average, respectively, of W i .
In this study, we first used the above Eqs (7) (8) (9) (10) (11) (12) and Eq (14) to estimate the biomass of tree components, including the trunk, the branch, the leaf and the root, by age groups. Then, we selected the best equation according to the evaluation statistics (R 2 and MAPE) and the significance of the estimated parameters. Finally, the best equation for each component was fitted as a system of equations ensuring W Total = W T + W B + W L + W R using a seemingly unrelated regression (SUR) [48] :
where CF T , CF B , CF L , CF R are the correction factors for trunk biomass, branch biomass, leaf biomass, and root biomass by age groups, respectively. The fitting procedure involved the use of option SUR of the procedure MODEL in SAS. The normality of the residual for total biomass prediction (Ŵ Total ) was tested using the normal Q-Q plot and the Shapiro-Wilk test of normality.
Results
Biomass allocation
The tree biomass of C. equisetifolia over the three age groups was highest in the trunk, followed by (in decreasing order) the root, the branch, and the leaf. The proportion of the biomass from trunk increased with forest age, while that in the branch and the leaf declined, especially for the leaf, which significantly declined from the young forest to the middle-aged forest (ANOVA analysis, F = 30.457, P <0.001). In addition, the proportion of biomass of C. equisetifolia that from the root was independent of tree age (ANOVA analysis, F = 0.276, P = 0.76). Of the total biomass, the trunk accounted for 47.6% to 62.9% from the young forest to the mature forest, respectively, the branch for 14.9% to 9.2%, the leaf for 16.4% to 6.2%, and the root for 21.1% to 21.7% (S1 Table, Fig 1) .
Each component biomass model selection by age groups
We developed the tree component biomass models for young, middle-aged and mature forests using Eqs (7) (8) (9) (10) (11) (12) , and the correction factor was applied to back-transformed predictions (Eq 14). The R 2 and the MAPE were calculated based on the back-transformed predictions. Proportion of the tree biomass from the trunk, the branch, the leaf, and the root in young, middle-aged, and mature forests.
In the young forest, both Eqs 8 and 10 performed the best in estimating the trunk biomass compared to other models in terms of the MAPE, the R 2 , and the parameter significance. Both of these equations explained 99.4% of the variance in the trunk biomass, and the MAPE was 0.071 (Table 2 ). Here we used the Eq 8 to model the trunk biomass. The best model for estimating the branch biomass was Eq 9 compared to other models in terms of the MAPE and parameter significance. The second performance model Eq 11 resulted in a 1.26% increase in the MAPE over the best model (Eq 9). The best model introducing the variable CR explained 85.3% of the variance in the branch biomass. Although the MAPE in Eq 12 was equal to Eq 9, the two-parameter estimates of this model were not significant at a level of 0.05. In terms of the MAPE and the parameter estimate significance, the best model for estimating the leaf biomass was Eq 9, in which the MAPE was 0.341, lower than that of the other models. For the root H and CR was the best model, as the MAPE was the lowest, and the R 2 was the highest. In addition, the three parameters of this model were all significant at a level of 0.05. In the middle-aged forest, Eq 8 explained 92.4% of the variance in the trunk biomass (Table 3 ). In addition, the MAPE was lowest, 55.2% lower than that of the equation with only D (Eq 7), indicating that the total tree height greatly improved the trunk biomass model. For the branch biomass model, although the MAPE from Eq 12 was the lowest, the parameters of H and CR were not significant at a level of 0.05. Eq 7 was the best for estimating the branch biomass and the leaf biomass. In terms of the root biomass, both the MAPE and the R 2 showed that Eq 10 was the best model. In mature forests, Eq 7 with only D was best in terms of having the lowest MAPE and the second highest R 2 (Table 4) . Although the MAPE values from Eqs 7 and 8 were equal, the effect of H on the trunk biomass was not significant for this dataset (P>0.05). The best equation for estimating the branch biomass was Eq 10 compared to other models in terms of the MAPE and the R 2 . Eq 9 with variables D and CR had the lowest MAPE compared to the other models in estimating the biomass of the leaf and the root. In terms of leaf biomass, adding CR greatly improved estimates, increasing the R 2 and reducing the MAPE compared to the equivalent equation without CR (Eq 7). Biomass predictions using SUR method by age groups
Based on the best model for each component analyzed above, we used SUR method to estimate a system of equations (Eq (15)) to ensure the additivity of the total tree biomass, including the trunk biomass, the branch biomass, the leaf biomass, and the root biomass. In the young forest, the trunk biomass predictions were close to the observed biomass, as well as the branch biomass, leaf biomass and root biomass (Fig 2) . In terms of the total biomass predictions, the predictions were highly correlated with the observed values (Fig 3) , and the residual was normal (Fig 4, Shapiro-Wilk test, P = 0.891>0.05). In the middle-aged forest, the fit accuracy of the trunk biomass was very high (Fig 5) . However, the branch biomass, leaf biomass and root biomass prediction performed worse than the trunk biomass (Fig 5) . In addition, the total biomass predictions were very close to observed values (Fig 3) , and the residual for total biomass predictions was also normal (Fig 6, Shapiro-Wilk test, P = 0.274>0.05). The SUR method also showed good performance on predicting the trunk biomass, branch biomass, leaf biomass, root biomass in the mature forest (Fig 7) , as well as the total biomass which could be depicted by the relationship and residual plots (ShapiroWilk test, P = 0.839>0.05, Figs 3 and 8) . All the parameter estimates of the selected biomass models by age groups using SUR method are displayed in Table 5 .
Discussion
Variation in the tree biomass and its allocation to components was commonly found in comparisons among individuals, ages, stands, regions, and species [49] [50] [51] . In the study, the proportion of trunk biomass to total tree biomass significantly increased at a level of 0.05 in the young forest to the mature forest and represented the greatest portion of the total biomass, which also could be found in other studies [52] [53] . However, the proportion of branch biomass and leaf biomass decreased from the young forest to the mature forest. The result is consistent with findings of Scots pine (Pinus sylvestris) [54] and loblolly pine (Pinus taeda) [55] . The leaf biomass is a valuable component to quantify because it is highly correlated with forest productivity in young forests, which typically peak as canopies close and then decreases with stand age [56] [57] . The relative amount of biomass from the leaf in this study significantly decreased from the young forest to the middle-aged forest (Fig 1) . The individual-tree root biomass increases with tree age to maintain a balance between the above-and belowground components [58] [59] . Although the root biomass increased with tree age, the proportion of root biomass to the total tree remained stable at the three stages, indicating that roots are a crucial component when considering biomass partitioning for C. equisetifolia. Bijak et al. [60] reported a decrease in the proportion of root biomass in relation to total biomass of the silver birch (Betula pendula) with the increasing tree age, which was different in this study. C. equisetifolia has a strong root system to be adaptable to degraded sites, which results in a high proportion of biomass allocation at the whole stand development stages.
The main predictor of biomass, D, tends to work quite well for predicting tree biomass [61] [62] [63] , but it fails to provide accurate estimates of biomass component fractions [64] . Many studies have shown that improvements can be made by adding variables other then D to improve tree biomass estimation. The most widely used variable is the total tree height because heightdiameter relationships vary across a range of ecological conditions [65] [66] [67] . Chave et al. [68] found that the inclusion of height reduced the standard error of aboveground biomass estimates from 19.2 to 12.5% in predicting the biomass of tropical forests. As noted above, more than 50% of the aboveground biomass was from the trunk. In the trunk biomass models of this study, the MAPE from equation with variable H was 35.45% and 55.17% lower than that of the equation with only the variable D in the young and middle-aged forests, respectively. In the leaf biomass equations, other variables, such as tree age, crown competition factors [69] that are closely related to the leaf area, crown volume and canopy dynamics, are often not included for individual trees. For realistic predictions of the leaf biomass, variables other than H must be included [70] [71] [72] . The tree CR is a useful indicator of vigor and stand density [73] [74] [75] . Measurements of crown dimensions have been recently emphasized as important to improving tree biomass estimation, including measurements of the crown length, the crown width and the diameter of the largest branch in a tree [29, 33] . Wang et al. [76] demonstrated that crown width is an important determinant of leaf biomass for Korean pine (Pinus koraiensis). We also found that equations with the variable CR greatly improved root biomass estimates (Tables 2  and 4) . However, some studies reported that root biomass equations were not improved by including crown width [77] [78] . In addition, tree age is the other factor. Disregarding tree age may give biased biomass estimates [79] . In this study, we developed a biomass model for each tree component by age group, which could be of benefit for forest managers when evaluating biomass storage and carbon sequestration for C. equisetifolia in the tropical forest of Hainan Island.
When we estimate biomass from tree components, it is desirable to have the property of additivity in the biomass estimations of the components. The principle of additivity in which the biomass estimations from component equations added to the total biomass has long been recognized [16] . Parresol [48] found that a seemingly unrelated regression (SUR) method can be applied when considering the contemporaneous correlations among different components and biomass additivity, including the trunk, the branch, the leaf, and the root, from the same tree. The SUR method led to efficient parameter estimates by considering inherent correlations among biomass components. Russell [80] reported that the largest gain in using the SUR method is that confidence and prediction intervals for biomass estimates are narrower than isolated estimates. In this study, based on the best individual regressions for each component independently in young, middle-aged and mature forests, the systems of equations presented herein will provide reasonable estimates for those who wish to estimate the biomass of C. equisetifolia trees in the tropical forest of Hainan Island (Figs 2-7) .
Conclusion
The tree biomass of C. equisetifolia over the young, middle and mature three age groups in a tropical forest of Hainan Island was highest in the trunk, followed by (in decreasing order) the root, the branch, and the leaf. The biomass from the trunk increased with forest age, while that in the branch and the leaf declined, especially for the leaf. In this study, 12 equations for biomass components by three age groups were established and the best models for estimating tree biomass components were selected according to the R 2 and MAPE. Among these 12 equations, only three equations with variable D were made, while the remaining equations introduced the other variables, including H, D 2 H, and CR. An equation including the CR greatly improved the model performance and reduced the error, especially for the young and mature forests. Also Supporting Information S1 
